While the use of energy storage combined with grid-scale photovoltaic power plants continues to grow, given current lithium-ion battery prices, there remains uncertainty about the profitability of these solarplus-storage projects. At the same time, the rapid proliferation of electric vehicles is creating a fleet of millions of lithium-ion batteries that will be deemed unsuitable for the transportation industry once they reach 80% of their original capacity. The repurposing and deployment of these batteries as stationary energy storage provides an opportunity to reduce the cost of solar-plus-storage systems, if the economics can be proven.
Introduction
The use of lithium-ion batteries to minimize the impact of the variability of supply from renewable power sources on the grid is growing rapidly. Utility-scale stationary energy storage systems are being deployed to store excess energy when production exceeds demand and minimize curtailment in markets with high storage penetration, such as California [1] . While the benefits of the increased use of energy storage in combination with renewable energy generation are clear, the economics for project developers are still uncertain. There remains a need for newer-and lower-cost technologies and hardware to enable the widespread use of stationary energy storage systems, but also a need for data-based modeling and intelligent controls to extract as much value as possible from the technologies that do exist [2] , [3] .
At the same time as the need for stationary energy storage systems is growing, the rapid proliferation of electric vehicles (EV) is creating a fleet of millions of lithium-ion batteries that will be deemed unsuitable for the rigorous transportation duty cycle/environment after a number of years operation. It is expected that EV owners will replace their battery system once they have lost just 20% of their capacity [4] . These used batteries present a massive opportunity to be repurposed for new applications where the duty cycling and current levels are less onerous than EV driving -potentially providing a low-cost source of lithium-ion batteries for new applications, increasing a battery's lifetime value and postponing the eventual cost of recycling [5] . Multiple GWhs of these so called 'second-life batteries' are expected to become available in the coming years [6] .
Combining second-life batteries with grid-scale solar energy systems is potentially a good application for these EV batteries because the energy and power requirements will be moderate compared to propulsion specifications with multiple small-scale pilot projects now demonstrated [7] , [8] . However, a key hurdle to deploying second-life batteries at scale in large power infrastructure projects is establishing the expected performance and lifetime in their second use.
Recently, there has been a growth in the number of methods available to predict the capacity fade of lithiumion batteries based upon measured degradation data including; semi-empirical models that tune algorithms to specific chemistries [9] , probabilistic methods such as gaussian processes that achieve high accuracy but require larger datasets [10] , and other machine learning approaches using neural networks that again require large datasets [11] . Xu et al. [9] proposed a semi-empirical non-linear model that was trained using labmeasured degradation behavior and considers the effects of solid-electrolyte-interface (SEI) film formation, calendar aging, cycle aging and temperature for a number of lithium-ion battery chemistries including nickel-manganese-cobalt (NMC) typically used in EVs.
In this paper, we model the economic performance of a combined photovoltaics plus second-life energy storage project in California using current capital cost benchmarks [12] , and use this data-based model to accurately predict the batteries capacity fade over time, comparing projects that use second-life or new lithium-ion batteries. Our model allows us to assess the impact of control policies on long-term performance including limits to the depth-of-discharge (DoD), temperature control, and minimum and maximum stateof-charge (SOC) limits for storage systems. By setting certain control policy limits to minimize cycle aging, we show that a system with state-of-charge limits in a 65-15% range, extends the project life to over 16 years to improve project economics over those for a new battery that uses 85-20% limits. In comparison, control policies that more rapidly degrade the battery by using a large 80% DoD limit in a 95-15% range, to 'front-load' revenue during a projects life-cycle, were found to significantly underperform a new battery owing to the resulting shorter project life. We extend our model to determine the conditions under which second-life batteries are more favorable to new ones. We show this can be supported by certain technical and economic conditions given here in order of importance: (i) utilizing charge control policies that minimize average SOC to extend battery life, (ii) second-life battery capital costs that are 60% or less than new ones, (iii) PV capex < 1000 $/kW (the current industry benchmark is 1111 $/kW [12] ), and (iv) BOS costs of <150 $/kWh (the current industry benchmark is 171 $/kWh [12] ).
In summary, our modeling shows that using current benchmarked data for the capital and O&M costs of photovoltaics plus energy storage systems, and a semi-empirical data-based degradation model, under certain conditions that include suitable physical end-of-life assumptions, PV and BOS capital cost conditions, second-life batteries offer a compelling alternative to new lithium-ion batteries in solar-plusstorage systems.
Method Summary
We model the performance of a combined photovoltaic power plant and energy storage system (PVESS) in California using 2017 price data from CAISO (oasis.caiso.com) and NREL's national solar radiation database (https://nsrdb.nrel.gov/) . The PVESS modeled is a DC-coupled system and we assume the battery can only be charged by the PV power directly, i.e., the battery is never charged directly from the grid. We model two revenue streams for the PVESS project:
(i) Selling electricity on the merchant power market either directly from the PV system or storing the 4-hour battery system and selling from the battery. To optimize the revenue of the combined PVESS system, we use a function-minimizing optimization routine that takes a daily solar production curve and day-ahead market prices in CAISO, as shown in Figure 1 , and optimizes the charge and discharge policy to maximize daily revenue following a method similar to [13] . The daily optimization routine does not consider any long-term degradation trade off.
(ii) The second revenue source is capacity credits, which we model based on the method in [14] . It was shown that PV projects typically obtain 40% of their rated capacity in credits for $149/kW each year. In addition, the full battery power is considered to contribute to the capacity credit, meaning our year 1 capacity credit for a new battery is $40,953. For second-life batteries and new batteries after year 1, we calculate the capacity credit based on the faded values at the start of each year, so the capacity credit reduces annually. At the end of each daily optimization routine, a data-based battery degradation method is used to calculate the incremental capacity fade. The battery capacity is updated accordingly for next day's operation. The battery degradation algorithm considers the non-linear growth of a solid-electrolyte interface early in a battery's life, calendar aging, and cycle aging. The calendar aging model considers the stress from the average battery state of charge over the daily 24-hour period, while the cycling aging model uses the rainflow counting algorithm to quantify cycling events. Both calendar and cycle aging models consider the effect of battery temperature, which we assume is maintained at 25 o C by the battery cooling system [9] .
Our method does not try to predict the 'knee' in the battery capacity fade where the primary loss transitions to electrode-site loss, as opposed to lithium usage, and degradation accelerates. This behavior is expected to occur earlier in a battery's life for charge/discharge policies that allow high depths-of-discharge, but it has been shown that lithium-limited loss dominates in solar self-consumption scenarios [15] .
The project costs consist of the initial capital costs including the cost to install the complete PV system, the cost of the battery module and the battery balance-of-system (BOS) costs, where we use the latest benchmarks from the US for utility-scale PVESS systems from [12] and presented in Table 1 . A capital cost discount rate of 8.5% for all capital expenditures is assumed when constructing a DC-coupled system with both power and storage on the same site. Industry-benchmarked operations and maintenance costs are used and discounted over the project life.
We use the benefit-cost ratio as outlined in [14] to compare individual projects, it consists of the initial capital costs and discounted operations and maintenance costs, O&M, divided by the discounted revenue streams for each project as in Equation 1 where N is the project life in years and r is the discount rate: 
It should be noted that in all our modelled cases, the project life is assumed to conclude once the battery reaches its physical end-of-life (EOL) at 70% or 60% of remaining useful capacity. In practice, the photovoltaic power system might be re-powered as a merchant solar power plant only or under a powerpurchase agreement without the use of a battery, which would further extend the revenue generated by the project without additional capital expenditure and increase the benefit-cost ratio of the project. Additionally, battery systems might be replaced by new ones at their EOL. In the interest of simplicity, we do not attempt to model the costs and benefits of these cases but compare individual projects as a function of their battery life. Furthermore, we do not consider the impact of EOL costs. While some geographic jurisdictions have mandated the collection and recycling of lithium-ion batteries, this is not the case in the USA and we do not include these costs in this analysis. Further benefits might be found for second-life batteries in the ability to extend their usefulness by a number of years and delay the incurring of recycling costs for the responsible party, most likely the original electric vehicle manufacturer.
Results
We start by comparing the annual revenue of three possible projects; a 2.5 MW photovoltaic power plant only, a 2.5 MW photovoltaic power plant with a new 10 MWh lithium-ion NMC energy storage system, and a 2.5 MW photovoltaic power plant with a second-life 10 MWh lithium-ion NMC energy storage system consisting of batteries that have faded to 80% of their original capacity, i.e., 8 MWh capacity is available on the first day of the project. The SOC of the battery systems is limited to between 85% and 20% of the available capacity and it is assumed the batteries are maintained at 25 o C using a temperature control system. Figure 2 (a) shows the revenue versus year for the three projects including battery degradation and considering a discount rate of 7%. The project with a new NMC battery generates revenue of $669,000 in year 1 compared to $575,000 for the second-life battery, a difference of 16%. After the initial SEI formation in the new battery, the capacity fading slows and in the following years fades at a rate of 2.6 -1.5% per year. After year 1 the fade rates of both batteries are close to each other owing to their similar daily usage. After 10 years of operation, the new battery has faded from 100% to 75% useful capacity, a loss of 25%, while the second-life battery has faded from 80% to 63%, a loss of 17%. The greater loss for the new battery over this time period is due to the SEI film formation in year 1 causing a significant loss that is not present for the second-life battery.
The revenue from a stand-alone photovoltaic power plant is $282,500 in year 1, 42% and 49% of the revenue generated by the new and second-life storage projects, respectively. By year 10, given the capacity fade and discounting of revenue, the photovoltaic-only revenue as a percentage of the storage projects increases to 51% and 57%, respectively.%. While the previous discussion analyzed the impact of battery capacity fade and the time value of money on potential revenues, it did not consider the battery end-of-life (EOL). In this section we begin to compare individual projects over their full life cycle by making assumptions of battery lifetimes. In order to justify the use of already faded batteries, we assume two cases are possible: lithium-ion batteries (new and secondlife) can be used until their capacity reaches either 70% of their original capacity or 60%. The former is close to what is used for physical EOL in the literature [2] , [4] , while we assume the latter is probably required to produce second-life projects that last enough to justify the expense of deploying them. It should be noted that we continue using our linear model of battery degradation right to the battery breakpoint and do not consider additional degradation pathways that might be present in the later stages of a battery's life [15] . Our assumptions that a batteries EOL is at 70% or 60% is suitable for our purposes, but accurate prediction of this breakpoint for economic and safety reasons remains an active and important area of research [11] .
To compare projects, we use a benefit-cost ratio for individual projects, as outlined in Equation 1, with our results presented in Table 2 . This ratio divides the investment and discounted annual O&M costs by the 
The impact of control policy limits on second-life economics
The use of data-based methods for battery degradation modeling allows us to trial different control policy limits and compare their impact on the long-term performance of a project. In our analyses so far, we have modeled the degradation of new and second-life batteries subject to a maximum depth-of-discharge (DoD) of 65% between maximum and minimum state-of-charge limits of 85% and 20%, while assuming the battery is maintained at 25 o C throughout the project life. These limits are now altered to compare the impact of different policies on battery life. Specifically, we model two additional cases where; (i) a large DoD of 80% is used with 95% and 15% SOC limits respectively to analyze a case where the battery is rapidly degraded to 'front-load' revenue, and (ii) a smaller DoD of 50% is allowed between SOC maximum and minimums of 65% and 15% respectively, intentionally maintaining the average SOC at much lower values to minimize SOCstress degradation.
Figure 4 (a) shows the resulting capacity fade for these second-life control policy limits versus a new battery
subject to the original 85-25% limits as modeled in the previous section. The 95-15% case leads to rapid degradation of the battery capacity to the 70% EOL limit in 3.9 years and the 60% EOL limit in 8.4 years.
The corresponding benefit-cost ratios are 0.33 and 0.57 respectively for a second-life battery cost discount of 50% ($104.5/kWh) and a discount rate of 7%. The more conservative charge/discharge policy limits of 65-15% leads to much slower degradation, reaching 70% EOL in 7.5 years and 60% in 16.1 years, almost as long as the new battery system. The 60% EOL case achieves the same-benefit cost ratio as the new project of 0.93 when the second-life battery discount is assumed to be 50% with a 7% discount rate. Despite only using 50% of the available battery capacity at any time, by maintaining a low average SOC and reducing SOCstress degradation effects, this policy results in the highest benefit-cost ratios for the secondlife storage projects and highlights how the best lever for increased financial performance is to extend the battery life as long as possible, even at the expense of revenue early in the project life. Considering the difference between control policies, the use of the rainflow counting algorithm allows us to visualize cycling behavior of both policies as relevant to fatigue analysis. Figure 5 
Sensitivity analysis for cost and revenue assumptions
Based on the 2018 benchmark costs for solar and storage systems, the benefit-cost ratio for second-life solar-plus-storage systems we model are typically less than the values for new batteries, except for cases where a low 65-15% SOC limit is implemented. In this section, we perform a sensitivity analysis of a number of important costs and revenue streams to quantify which cost declines or revenue increases would have a greater impact on second-life battery projects versus new ones. Given the 65-15% policy and an assumed EOL of 60% results in the highest benefit-cost ratios, we use these results here. Fig. 6 Fig. 6 (a) shows that reducing the balance of systems costs from 200 to 100 $/kWh for a new project results in the benefit-cost ratio increasing from 0.89 to >1. Again, these reductions have a significant impact on which project type is more profitable with PV costs of <1000 $/kW and second-life battery cost fractions of 0.5 and less resulting in benefit-cost ratio differences of 0.1-0.3.
Lastly, Figs. 6 (g)-(i) outlines the results for an analysis where the capacity credit is varied from 100 -200 $/kW. In this case, the increase in capacity credit has a significant and similar impact on both project types and does not benefit the second-life project enough to make them more profitable than a new project. 
Conclusions
The use of stationary energy storage systems combined with photovoltaic power plants is growing to mitigate impacts of the variability of the solar resource on the grid. Given current lithium-ion battery prices, there remains uncertainty about the profitability of combined solar power and energy storage systems. At the same time, the rapid proliferation of electric vehicles is creating a fleet of millions of lithium-ion batteries that will be deemed unsuitable for the transportation industry once they reach 80% of their original capacity. The repurposing and deployment of these batteries as stationary energy storage provides an opportunity to reduce the cost of storage for multiple applications if the economics of using old batteries can be proven.
In this paper, we modeled the economic performance of a combined photovoltaics plus second-life energy storage project in California including a data-driven, semi-empirical model of lithium nickel manganese cobalt oxide battery degradation to predict its capacity fade over time, and compared it to a project that used new lithium-ion batteries. By setting certain control policy limits, to minimize cycle aging, we show that a system with SOC limits in a 65-15% range, extends the project life to over 16 years. Under these conditions, a second-life project is more economically favorable than a project that uses a new battery and 85-20% SOC limits, for second-life battery costs that are <80% of the new battery. The same system reaches break-even and profitability for second-life battery costs that are <60% of the new battery. In comparison, control policies that more rapidly degrade the battery by using a large 80% DoD limit in a 95-15% range, to 'front-load' revenue during a project life-cycle, were found to significantly underperform a new battery owing to the resulting shorter project life.
Our model shows that using current benchmarked data for the capital and O&M costs of solar-plus-storage systems, and a semi-empirical data-based degradation model, it is possible for EV manufacturers to sell second-life batteries for <60% of their original price to solar-plus-storage projects developers. In summary, we have shown there is significant value remaining in used EV batteries and in solar-plus-second-life projects provided a strong incentive to bring together the multiple stakeholders required to build this technology at scale.
Methods

Optimizing daily battery charging and discharging to maximize revenue
The per-hour charge and discharge cycles of the energy storage system were optimized on a daily basis to maximize the revenue from the complete PVESS system. To simulate the operation of a PVESS system, we first assume the operator knows the wholesale market electricity price and solar resource availability at the site 24-hours in advance, and maximize the revenue possible using a constrained nonlinear multivariable function subject to certain constraints. The PV system can either sell power directly to the grid as it is produced, or store all or a portion of the available energy in the battery to discharge and sell at a later time.
The optimization was subject to a number of constraints, namely: the battery could only be charged from available PV power and not directly from the grid, maximum battery charge and discharge rates were set equal to the battery's power, the battery state-of-charge (SOC) could not exceed or go below maximum and minimum limits and, the process of charging or discharging of the battery had an efficiency of 90%. As the capacity of a modeled battery faded over time, the SOC limits accordingly adjusted accordingly to the available capacity. The optimization routine is outlined below where; PPV (MW) is the power produced by the photovoltaic power plant, t (hour) is time, x (MW) is the charge/discharge power of the battery, price (US$/MWh) is the day-ahead market price, Cmax and Cmin (MW) are the charge and discharge limits and SOCmax and SOCmin (MWh) are the state of charge limits.
When calculating revenue, two case are considered:
(i) Solar power is available and revenue can be made by selling to the grid or the battery can be charged for later use:
Solar power is not available and the only revenue is derived by discharging the battery:
The optimized control policy for a 24-hour period maximizes the sum of these revenues: 
Lithium-ion battery degradation using a data-based model
After each 24-hour period, the battery capacity is degraded in line with its use. The degradation behavior of lithium-ion batteries is impacted by many factors including the temperature at which the battery is maintained, the average state-of-charge (SOC) maintained in the battery, the depth and frequency of cycling as well as calendar aging. We use a data-based semi-empirical lithium nickel manganese cobalt oxide battery degradation model that assesses battery cell life loss from operating profiles as summarized here and described in detail in [9] .
Non-linear capacity fade of a new battery, L, is given below where f is the linear cycle and calendar aging and ASEI and BSEI are fitted empirical parameters with the values for NMC batteries given in Table 3 : For batteries that have already undergone SEI film formation and now undergo linear degradation only, as for our second-life batteries, we use a simplified linear equation where L′ is the prior capacity fade (= 0.2 at the start of our second-life battery project model):
Capacity fade is a function of calendar and cycling aging. Calendar aging begins from the start of the batteries life and is caused by the loss of cyclable lithium. Cycle aging occurs when the battery is used and is typically caused by active material structure degradation and mechanical fracture.
To quantify the irregular cycling patterns of the battery into the relevant parameters required to predict battery degradation, we start by using a rainflow cycle-counting algorithm as is widely used in fatigue studies. We input the SOC over 24 hours and the algorithm returns whether each cycle is a full or halfcycle, the cycle depth, the cycle mid-point, cycle begin and end times and the total number of cycles.
In our model, cycles and time are modeled as actual factors that reduce the life of the battery, while SOC and temperature influence the rate of degradation:
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Where Sd is the depth-of-discharge stress modeled as a quadratic for NMC batteries = kd1d kd2 , where kd1 = 0.2/(3000*0.8 kd2 ), representing a cycle life of 3000 cycles at 80% DoD,until 80% end of life, and kd2 is an empirical non-linear coefficient of 2.03.
The calendar aging stress, St = ktt, where t is the battery age in seconds and kt = 4.1375x10 -10 /s.
The models use reference points for SOC, sref = 0.6, and temperature, Tref = 25 o C, at which the stress model has a value of one, indicating that the degradation rates are unaffected at the reference condition.
Ss is the SOC stress where s is the average SOC during a cycle and sref is the reference SOC value.
ST is the temperature stress based on the Arrhenius equation:
The code for this lithium nickel manganese cobalt oxide battery degradation model is available at https://bolunxu.github.io/
